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51
Relative to malaria, comparatively less is known about the net impact of climate change 52 on Aedes-borne diseases. At a minimum, the distribution of Aedes mosquitoes is projected to 53 shift in the face of climate change, with a mix of expansions in some regions and contractions in 54 others, and no overwhelming net global pattern of gains or losses 3, 8 . The consequences of those 55 .
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The copyright holder for this preprint (which was not . http://dx.doi.org/10.1101/172221 doi: bioRxiv preprint first posted online Aug. 4, 2017; range shifts for disease burden are therefore likely to be important, but can be challenging to 56 summarize across landscapes and pathogens. Of all Aedes-borne diseases, dengue fever has been 57 most frequently modeled in the context of climate change, and several models of the potential Perhaps most compelling, transmission curves generated by mean temperatures do not 141 align neatly with either maximum or minimum curve, potentially demonstrating a downside of 142 disease forecasts that do not account for the extreme ends of normal temperature variation.
143
Resolving uncertainty in future climate-based disease forecasts requires resolving how 144 temperature regimes as a whole (encapsulated by minimum, mean, and maximum monthly 145 temperatures) translate into transmission potential.
146
The most surprising result of our study is that the upper thermal bound of Aedes viral 
153
This is ultimately an emergent property of the same seasonal risk curves generated for 154 current temperatures, and has key implications for interpreting the climate-disease relationship.
155
(In particular, partial mitigation of climate change could keep Ae. albopictus mosquitoes 156 especially within optimal thermal ranges for more of the year, and thereby produce worse 157 clinical outcomes). Furthermore, for both mosquitoes, inter-annual and intra-monthly variation in 158 weather may also have a more significant effect on viral outbreak outcomes than subtler 159 variations in overall climate trends. Increasing climate change severity increases population at 160 risk for both mosquitoes when using minimum temperatures but decreases it for Ae. albopictus 161 transmission, using maximum temperatures (Figure 3) . Moreover, the range of temperatures
forecasted for a given month across scenarios produce a more dramatic range of risk forecasts 163 than any combination of climate models and pathways. or of dengue anywhere the virus (or any given serotype) is not endemic, is still a critical concern.
236
Whereas the highest predicted arisk consistently occurs in south and southeast Asia, the most 237 significant hotspots of uncertainty in our seasonal population at risk maps is evident in Europe
238
and sub-Saharan Africa (Figure S5, S6) , and we suggest that these especially require further, 
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261
The Bayesian Model
262
Our study presents geographic projections of published experimentally-derived mechanistic 
267
Once we obtain our posterior samples for R0 as a function of temperature we can evaluate the respectively. Note that the smaller probability leads to larger population at risk estimates because climate data using the 'raster' package in R 3.1.1. Subsequent visualizations were generated in
292
ArcMap.
293
Population at Risk
294
To quantify a measure of risk, comparable between current and future climate scenarios, we used 295 population count data from the Gridded Population of the World, version 4 (GPW4) 35 , predicted 296 for the year 2015. We selected this particular population product as it is minimally modeled a 297 . CC-BY-NC-ND 4.0 International license peer-reviewed) is the author/funder. It is made available under a The copyright holder for this preprint (which was not . http://dx.doi.org/10.1101/172221 doi: bioRxiv preprint first posted online Aug. 4, 2017; priori, ensuring that the distribution of population on the earth's surface has not been predicted 298 by modeled covariates that would also influence our mechanistic vector-borne disease model 299 predictions. These data are derived from most recent census data, globally, at the smallest 300 administrative unit available, then extrapolated to produce continuous surface models for the 301 globe for 5-year intervals from 2000-2020. These are then rendered as globally gridded data at 302 30 arc-seconds; we aggregated these in R (raster 30 ) to match the climate scenario grids at 5 303 minute resolution (approximately 10km 2 at the equator). We used 2015 population count as our 304 proxy for current, and explored future risk relative to the current population counts, for both 305 minimum monthly temperature predictions, and maximum monthly temperature predictions.
306
This prevents arbitrary demographic model-imposed patterns emerging, possibly obscuring 307 climate generated change. We note that these count data reflect the disparities in urban and rural 308 patterns appropriately for this type of analysis, highlighting population dense parts of the globe.
309
Increasing urbanization would likely amplify the patterns we see, as populations increase overall,
310
and the lack of appropriate population projections at this scale for 30-50 years in the future 311 obviously limits the precision of the forecasts we provide. 
